Abstract The Fermi GBM catalog provides a large database with many measured variables that can be used to explore and verify gamma-ray burst classification results. We have used Principal Component Analysis and statistical clustering techniques to look for clustering in a sample of 801 gamma-ray bursts described by sixteen classification variables. The analysis recovers what appears to be the Short class and two longduration classes that differ from one another via peak flux, with negligible variations in fluence, duration and spectral hardness. Neither class has properties entirely consistent with the Intermediate GRB class. Spectral hardness has been a critical Intermediate class property. Rather than providing spectral hardness, Fermi GBM provides a range of fitting variables for four different spectral models; it is not intuitive how these variables can be used to support or disprove previous GRB classification results.
Introduction
Gamma-ray bursts (GRBs) are the universe's most energetic electromagnetic events, with observed energies of between 10 49 and 10 54 ergs per burst occurring on timescales ranging from tens of milliseconds to hundreds of seconds (Zhang 2011; Gehrels and Razzaque 2013; Kumar and Zhang 2015; Asano and Mészáros 2016) . Upon correcting for relativistic beaming and large Lorentz factors, these energies are narrowly distributed around 10 51 ergs per burst (Nakar and Piran 2017) .
In the 1980s a phenomenological GRB classification scheme was introduced to subdivide GRBs into Long and Short classes (Mazets et al. 1981; Norris et al. 1984) primarily on the basis of duration. Subsequent observations provided by BATSE (the Burst And Transient Source Experiment) supported this division (e.g. Kouveliotou et al. (1993) ; Koshut et al. (1996) ); the two classes were modeled by overlapping lognormal duration distributions with a delineation occurring at roughly 2s. This simple taxonomy unfortunately became ensconced in the literature before more robust statistical and machine learning techniques could be applied, and the general validity of the two-class results overshadowed later concerns about the robustness of the classification approach.
Today it is widely accepted that Short and Long GRB classes have different progenitors, and that they represent dissimilar physical phenomena (Norris et al. 2001; Balázs et al. 2003; Zhang et al. 2009; Lu and Liang 2010; Lü et al. 2010; Li et al. 2016) . The large luminosities and short emission timescales of all GRBs have been explained by models involving black hole formation (Woosley 2017; Feng et al. 2018; Fernández et al. 2018; Song et al. 2018) . The stellar core collapse model used to explain long GRBs occurred on a timescale too long to explain short GRBs, so that models involving compact object mergers in binary systems arXiv:1905.12998v1 [astro-ph.HE] 
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were developed to explain these (Paczynski 1986; Usov 1992; Pérez-Ramírez et al. 2010; Berger 2014) .
The host galaxies and redshift distributions of Short GRBs and Long GRBs differ (Berger 2014; Levan et al. 2016) , with the more luminous Long GRBs being found in star-forming galaxies. Some low-luminosity Long GRBs have been associated with Type Ic supernovae (SN) (Hjorth et al. 2003; Campana et al. 2006; Pian et al. 2006; Blanchard et al. 2016) , supporting the idea that the Long GRBs in general are related to deaths of massive stars (Woosley 1993; Paczyński 1998; Woosley and Bloom 2006; Blanchard et al. 2016) . For Short GRBs the absence of SN association, the location of these events in metal-poor regions, and their lower luminosities disfavor a massive star origin and point to compact binary mergers (Paczynski 1986; Usov 1992; Berger 2014) .
Despite this, the 2s boundary separating Long GRBs and Short GRBs is not robust: the position of the "boundary" between Long and Short GRBs depends not only on the methodology used and the size of the database, but also on instrumental characteristics such as the detector threshold and spectral response (e.g. Zhang et al. (2012) ; Qin et al. (2013) ). Furthermore, some GRBs are not amenable to the simple classification scheme. For example, GRB060614 is a long duration burst that shares enough properties with Short GRBs for Zhang et al. (2007) to suggest a compact star merger origin. Similarly, the observed properties of the GRB 090426 indicate that this 1.24s duration burst had a collapsar origin (Lü et al. 2014; Li et al. 2016) .
Perhaps because of the lack of a clear demarcation between Short GRBs and Long GRBs, Zhang (2006) proposed classifying GRBs based on their expected behaviors, as predicted from models involving compact objects (Type I) or massive stars (Type II). Subsequently, Zhang et al. (2009) suggested that multiwavelength properties could be used in conjunction with theoretical models to characterize real physical GRB classes. Li et al. (2016) carried out a multiwavelength study between duration-defined long-short and the Type I-Type II GRBs. They found several observables to be useful, but not fully reliable, for classification, due to overlap between the populations.
The simple two-class interpretation is further complicated by the statistical existence of a third GRB class. Using multi-and uni-variate statistical analysis techniques, Mukherjee et al. (1998) and Horváth (1998) found evidence for a third GRB class in data from the Third BATSE Catalog . Many authors (Hakkila et al. 2000; Balastegui et al. 2001; Rajaniemi and Mähönen 2002; Horváth 2002; Hakkila et al. 2003; Borgonovo 2004; Horváth et al. 2006; Chattopadhyay et al. 2007; Zitouni et al. 2015) have since confirmed the existence of this Intermediate GRB class in the same database using statistical techniques and/or data mining algorithms. The Intermediate class has also been found in the Beppo-SAX (Horváth 2009 ) and Swift data (Horváth et al. 2008; Huja et al. 2009; Horváth et al. 2010; Horváth and Tóth 2016) , even though Beppo-SAX had a smaller effective area than BATSE, and Swift works in a different energy range.
The growing number of bursts detected by the Fermi Gamma-ray Burst Monitor (GBM) provides additional data on which GRB classification schemes can be tested. GBM has a spectral energy response that is similar to, but broader, than BATSE, and a surface area that is smaller than that of BATSE. Given the complementary, yet different, characteristics of the Fermi GBM instrument to BATSE, Swift, and Beppo-SAX, the time has come to apply statistical clustering techniques to explore GRB classification using this instrument.
The paper is organized as follows. Section 2 discusses the properties of the Fermi GBM catalog, Section 3 defines thirty six potential classification parameters and their structures, and Section 4 describes the classification process using sixteen GRB parameters following the elimination of sixteen duplicative parameters. Section 5 discusses the results and Section 6 provides the paper's conclusions.
Classification Variables from the Fermi GBM Catalog
On April 18, 2017, the Fermi GBM Catalog contained 2060 GRBs.
1 The most recent GRB at that time was GRB170416583, although the last GRB for which spectral fits were available was GRB170131969 (the 2011th GRB). More than three hundred variables that might be used in GRB classification are published for each GRB, including negative and positive uncertainties. Upon excluding the uncertainties, the number of available variables is less than two hundred. Most of these are spectral fit parameters, including fitting parameters for each of four different spectral models: Band, Comptonized (Comp), Power Law, and Smoothly Broken Power Law (SBPL); for details see Narayana Bhat et al. (2016) . All four fits are applied to both the set of photons observed in the one second-peak (the 1024 ms peak flux) and the set of all photons in the burst (the fluence).
Published analyses have used a variety of different variables in their classification approaches. Some analyses use only the duration information (Horváth 1998; Balastegui et al. 2001; Rajaniemi and Mähönen 2002; Horváth 2002; Horváth et al. 2008; Huja et al. 2009; Horváth 2009; Zitouni et al. 2015; Tarnopolski 2015a,b; Horváth and Tóth 2016; Tarnopolski 2016; Kulkarni and Desai 2017) , others primarily use the durationhardness plane (Horváth et al. 2004 (Horváth et al. , 2006 Veres et al. 2010; Horváth et al. 2010; Koen and Bere 2012; Qin et al. 2013; Tsutsui and Shigeyama 2014; Shahmoradi and Nemiroff 2015; Řípa and Mészáros 2016; Yang et al. 2016; Zhang et al. 2016) , while still others use more than two variables (Mukherjee et al. 1998; Hakkila et al. 2003; Chattopadhyay et al. 2007; Kann et al. 2011; Lü et al. 2014; Li et al. 2016; Modak et al. 2017; Chattopadhyay and Maitra 2017) .
For our analysis we have chosen to use thirty six potentially useful classification variables, even if they overlap in content, with the assumption that any deemed to be nonsense parameters can be removed later. There are two duration measures (T90 and T50), two fluence measures (one based on Fermi GBM energy channels and the other based on BATSE energy channels), six peak flux measures (on the 64-ms, 256-ms, and 1024-ms timescales measured in both the Fermi GBM and BATSE energy channels), eight Band spectral fit parameters (α, β, E peak , and the fit amplitude obtained from both the peak flux and fluence spectra), eight broken power law spectral fit parameters (lowenergy index, high-energy index, break energy, and fit amplitude obtained from both the peak flux and fluence spectra), four single power law spectral fit parameters (power law index and the fit amplitude obtained from both the peak flux and fluence spectra), and six Compton spectral fit parameters (spectral index, peak energy, and fit amplitude obtained from both the peak flux and fluence spectra). Because most of these parameters span large dynamical ranges, we use the base 10 logarithmic measures of these variables (lg) instead of the measures themselves. There is no need to take the logarithmic values of the spectral indices since these have already been obtained as power law functions. Large numbers of objects and many classification variables do not guarantee that a GRB classification will be successful. Because GRBs are observed in low signal-tonoise regimes where measurements are difficult to make We have calculated the correlation matrix in order to determine the amount of information overlap found in the 36 classification variables. The correlation matrix is found with the built-in R-environment (R Core Team 2015) cor() function using the available Pearson, Kendall, and Spearman methods. Seriation is performed on each of these matrices with the package seriation (Hahsler et al. 2008 ) using the function seriate() and the methods PCA and PCA angle. The results obtained from the different techniques are very similar to one another, and the correlation matrix con- Figure 1 . Clusters of variables are observed along the main diagonal where content overlap is significant: The two fluences are related to T90 and T50 and to the peak fluxes and the spectral amplitudes (the large 14x14 square in the lower right side of the matrix). The content overlap between fluence, peak flux, and duration make intuitive sense as fluence is the time-integrated flux, measured over the burst's duration (e.g., Hakkila et al. (2003) ). Spectral amplitudes are also types of peak fluxes, but that are binned spectrally rather than temporally. Low energy spectral indices form another cluster in the matrix, as these indices all measure low-energy burst behaviors. The power law spectral indices overlap with break energies rather than with the other spectral indices because power-law indices identify single-component spectral models that increase through measured energies rather than decreasing at high energies (as more complex spectral models do). Finally, on the upper left side of the matrix, the four high energy spectral indices form a distinct group.
Spectral fits for GRBs in the Fermi GBM catalog
The Fermi GBM catalog contains information about which of the four spectral fits is best for each burst. Spectral fits have been obtained at the time of the peak flux for 1792 of the 2060 GRBs, and using the fluence for 1802 of the 2060 GRBs. Among the peak flux spectral fits, the power-law function provides the best fit for 928 GRBs, the Compton model for 776 GRBs, the Band function for 60 GRBs, and the SBPL function for the remaining 28 GRBs. Among the fluence spectral fits, the power law model provides the best fit for 440 GRBs, the Compton model for 1096 GRBs, the Band model for 166 GRBs, and the SBPL model for the remaining 100 GRBs. Table 4 summarizes the consistency of different spectral fit models obtained from fluence and peak flux spectral data, with fits to peak flux data listed in rows and fits to fluence data listed in columns. The peak fluxes of 10 bursts provide insufficient photon counts to generate any spectral fit and are shown in the first column; the fluences of these bursts have only marginally better statistics resulting in simple power law fits.
Revisiting the effectiveness of the spectral fit variables
The spectral variables described in Section 3.1 have been included in our tabulations regardless of the quality of these fits. To more accurately evaluate the potential effectiveness of the variables, we examine the reduced χ 2 s of each fit, as published in the Fermi GBM catalog. Figures 2 and 3 demonstrate the reduced χ 2 and associated degree of freedom (DOF) distributions for the power law spectral fits obtained from peak flux measurements. We note that the DOF distribution is identical for all eight spectral fits. Figure 2 ) to being generally good (< 1.25) in the case of the Compton model fits (see Figure 4 ). The signal-to-noise ratio (S/N = value/error) is another quality indicator that should be examined when considering the value of potential classification variables. The effects of S/N on spectral fit measurements can be seen in Figure 5 , which shows the S/N distribution of Band spectral fit amplitudes measured from fluence spectra. Several hundred GRBs in this distribution have (S/N < 1), indicating that their fit amplitudes are less than their fit amplitude uncertainties. Another few hundred GRBs have signal-to-noise ratios smaller than two or three.
Very large uncertainties are also present in some of the high energy spectral indices measured for Fermi GBM bursts. For example, Figure 6 demonstrates the uncertainties in the Band β spectral index obtained from peak flux measurements. Since β typically has values in a narrow range (−3 ≤ β ≤ −2), β values having uncertainties (σ β > 1) are not likely to be useful for classification. Unfortunately, many Fermi GBM bursts fitted by the Band model fall into this range; several hundred have σ β > 10, and many have β values that exceed 100 and even 1000. Due to the uncertainties in measuring high energy power-law spectral indices, we have omitted the Band and SBPL fits (for all four cases, both fluence and peak flux fits) in this analysis.
We similarly analyze the χ 2 distributions of the Compton and power law spectral models to determine whether the variables obtained from these fits have potential value as classification variables. Three hundred eighty one power law model and 60 Compton model χ 2 values of the 1792 peak flux spectra are deemed unacceptable, as are 703 power law and 180 Compton model χ 2 values. If we want to use for classification the acceptable spectral model variables from both peak flux and fluence spectral fits, then only the Compton model produces enough variables for a sufficiently large sample. This reduces the sample size by roughly half. We also exclude GRBs where the uncertainty in any variable exceeds 50% of that variable's value. This excludes, for example, 184 GRBs on the basis of T90 and 288 GRBs on the basis of peak flux amplitude. Only 803 GRBs satisfy all of our requirements for a well-measured classification variable database. Finally, two more bursts have been excluded using the HDoutliers() function of the R-package HDoutliers (Fraley 2016) .
The 801 remaining GRBs are chosen to be the sample for the analysis described in Section 4. The list of these GRBs and the values of the variables can be found at http://itl7.elte.hu/∼hoi/grb/f1704C801v16.csv
Cluster analysis with 16 variables
We have reduced the number of GRB classification variables by limiting our sample to the following sixteen well-measured characteristics of bursts in the Fermi GBM Catalog (note that all denoted by 'lg' represent logarithmic values): lgT90 (T90), lgT50 (T50), lgfluence (fluence), lgPflux64 (64 ms peak flux), lgPflux256 (256 ms peak flux), lgPflux1024 (1024 ms peak flux), lgfluenceBATSE (fluence in the BATSE energy channels), lgPflux64BATSE (64 ms peak flux in the BATSE energy channels), lgPflux256BATSE, (256 ms peak flux in the BATSE energy channels), lgPflux1024BATSE (1024 ms peak flux in the BATSE energy channels), lgflncCompAmp (Compton amplitude from fluence spectral fit), lgflncCompEpeak (Compton Epeak from fluence spectral fit), flncCompIndex (Compton power law index from fluence spectral fit), lgpflxCompAmp (Compton amplitude from peak flux spectral fit), lgpPflxCompEpeak (Compton Epeak from peak flux spectral fit), and pflxCompIndex (Compton power law index from fluence spectral fit). Using the techniques described in Section 3.1, we obtain the correlation matrix using the built-in cor() function using the Spearman method and seriate the results with the seriate function of the FactoMineR package (Husson et al. 2016 ) via the PCA angle method. The result can be seen in Figure 7 .
Four distinct blocks of correlated variables are apparent in the matrix:
block1: lgPflxCompEpeak and lgflncCompEpeak block2: pflxCompIndex and flncCompIndex block3: lgPflux64, lgPflux256, lgPflux1024, lgPflux-64BATSE, lgPflux256BATSE, lgPflux1024BATSE, lgflncCompAmp, lgpflxCompAmp block4: lgT90, lgT50, lgfluence, lgfluenceBATSE We have carried out PCA (principal component analysis) for the Fermi GBM bursts using these 16 variables. Table 5 identifies the six largest PCs, while Table 6 shows the coefficients of the four largest PCA eigenvectors, and Table 7 identifies the communalities of these PCs. To determine whether or not PCs are important, we use the criterion that significant PCs should be larger than unity and yield cumulative percentages larger than 80% (see Jolliffe (1986) ). Table 5 demonstrates that the top five PCs contain a combined 95.2% of the non-overlapping information contained in the sixteen variables, and the top six PCs contain 96.6% of that information. Table 7 shows that the communalities obtained from three PCs are almost as robust as those obtained from four PCs (although the communalities of the two Compton indices are reduced to only 50% with three PCs), so we choose the three largest PCs for our analysis. The optimal number of classes contained within these PCs can be found with guidance from the Bayesian Information Criterion (BIC) (Schwarz 1978) . Cluster analysis is performed on the 801 GRB sample using the mclust() function with the aforementioned three PCs serving as classification variables. The function returns three classes: Class 1 (containing 427 GRBs), Class 2 (containing 340 GRBs) and Class 3 (containing 34 GRBs). The values returned by the mclust() function also contain probabilities p1 i ,p2 i , and p3 i that the ith GRBs belongs to Class 1, Class 2 or Class 3, respectively. We sum these probabilities to get p1 = 400.1 for Class 1, p2 = 365.5 for Class 2 and p3 = 35.4 for Class 3. These numbers differ from 427, 340 and 34 because each GRB has been placed into the group for which its probability is largest, and We have calculated the log(T 90) distributions of all three GRB classes by assuming that each GRB belongs to the class associated with it largest cluster probability (Max[p1 i , p2 i , or p3 i ]). The three log(T 90) distributions are shown in Figure 9 , after having been normalized by the factors 427 for Class 1, 340 for Class 2 and 34 for Class 3. In addition to duration, we have also calculated the class distributions for the other fifteen variables. The fluence distributions of the GRB classes can be seen in Figure 10 . One can easily see from these figures that a short duration GRB class (Class 3) is present, consistent with results obtained from other GRB experiments using a variety of classification techniques. We have calculated the maximal differences between the three class distributions for each of the 16 observed parameters using the Kolmogorov-Smirnov statistic (implemented in the R environment by the function ks.test()); the results are listed in Table 8 and are shown in Figure 11 . For the logT90 distributions, the maximal distance between Class 3 and Class 1 is 0.95 and between Class 3 and Class 2 is 0.87, indicating that the Class 3 durations are discernibly shorter than those of the other two classes. In contrast, the maximal distance between Class 1 and Class 2 is only 0.212. The KS probabilities associated with these maximal differences are shown in Table 9 . Using a significance Table 10 contains the mean values of each of the sixteen variables for all three GRB classes. Red indicates that a value differs significantly from the other two class values in the same row. Black numbers in a row do not differ significantly from one another. Blue numbers in the same row may be significantly different. Figure 13 shows the mean and the standard deviation of the sixteen GRB classification variables for each class. Figure 14 and Figure 15 show some 2-Dimensional distributions of our variables and also their correlation coefficients.
Robustness
It is important to check the robustness of our analysis. We do this by first excluding the variables lgFluence-BATSE, lgPflux1024BATSE, lgPflux64BATSE and lgPflux256BATSE. Second, we keep only the variables lgT90, lgFluence, lgPflux256 and flnccompindex which are independent of one another. 
Robustness test with twelve variables
Excluding the BATSE-related variables (lgFluence-BATSE, lgPflux1024BATSE, lgPflux64BATSE, lgPflux-256BATSE) the number of variables reduces to twelve. We performed cluster analysis with the same 801 GRBs using the mclust() function with these twelve variables.
The BIC results can be seen in Figure 16 . The BIC function reaches its maximum at four assumed groups. Thus, using the twelve Fermi parameters the mclust method prefers four groups rather than three. One can compare this result with the previous result by calculating the contingency table (Table 11) for cases of sixteen and twelve variables with three and four GRB groups. The table shows the stability of the group members. For the first group, 56% (241/427) remain in the same group. For the short bursts, all 34 GRBs remain in the same group (group4 in the twelve variable case). For the second group, 84% ((115+170)/340) remain in the new group2 and group3.
Robustness test with four variables
Keeping only four variables (lgT90, lgFluence, lgPflux256, flnccompindex) we performed cluster analysis with the same 801 GRBs using the mclust() function. The BIC function reaches its maximum at three assumed groups (see Figure 17) .
One can compare this result with the previous result by calculating the contingency table (Table 12) for the sixteen and four variable cases with three assumed groups. The table shows the stabilities of the group members. For the first group, 92% (391/427) remain in 
Discussion
Soon after the discovery of GRBs, it was suggested that they could be separated into two duration classes (Mazets et al. 1981; Norris et al. 1984) . This hypothesis was later supported by BATSE data (Kouveliotou et al. 1993; McBreen et al. 1994; Koshut et al. 1996) , and resulted in the identification of 'Long' and 'Short' GRB classes separated at around T 90 = 2s. An additional 'Intermediate' class (with durations of roughly 2sT 90 < 15s) was subsequently found from analyses of the Third BATSE Catalog data Mukherjee et al. (1998) ; Horváth (1998) 2002; Hakkila et al. 2003; Borgonovo 2004; Horváth et al. 2006; Chattopadhyay et al. 2007; Zitouni et al. 2015) have verified this result using BATSE GRBs. The Intermediate class has also been found in Beppo-SAX (Horváth 2009 ) and Swift data (Horváth et al. 2008; Huja et al. 2009; Horváth et al. 2010; Horváth and Tóth 2016) , as well as in a preliminary analysis of Fermi data Horvath et al. (2012) s. The Intermediate GRB class is not as clearly delineated from the other classes as the Short class is; this is also true from recent analysis of the Swift data. Zhang and Choi (2008) analyzed 95 GRBs with measured redshifts and found that Swift bursts have a wider dynamic range in duration than pre-Swift and BATSE bursts. Koen and Bere (2012) subsequently analyzed the Swift BAT data and concluded that two classes sufficiently describe the spectral hardness distribution, whereas three components are needed to characterize the duration distribution. The Intermediate class identified by Koen and Bere (2012) has durations of around 3-20 seconds, which is in a good agreement with (Horváth and Tóth 2016) who find the Intermediate class durations to be in the 4 to 30 second range. In addition to Swift, instrumental effects might also be responsible for affecting Fermi classification results. Qin et al. (2013) analyzed the data of 315 Fermi GRBs, studying the dependence of the duration distribution on energy and on various instrumental and selection effects. They have suggested that the true durations of a GRB could be much longer than what is observed. They also suggested that the observed bimodal duration distribution might be due to an instrumental selection effect.
Analysis of data from a variety of orbital highenergy satellites continues to find evidence for three GRB classes. In a series of papers, Tsutsui and his coworkers have used data from several orbital instru- Table 12 Contingency table for the 16 and four variable  cases with three groups.   V16   V4  1  2  3 Total   1  391  13  23  427  2  35 237  68  340  3  2  0  32  34  Total  428 250 123  801 ments, as well as x-ray and optical afterglow data, to study GRB classes (Tsutsui et al. 2009 (Tsutsui et al. , 2013 Tsutsui and Shigeyama 2014) and have found a third group with durations of approximately five seconds. Zitouni et al. (2015) has analyzed the CGRO/BATSE and Swift/BAT GRB data to find a very similar class structure to (Horváth 2002) . Although most rigorous GRB classification studies find three classes in the data, there have been exceptions. In one of his recent publications, Tarnopolski (2015b) proposes that the division between short and long bursts is at 3.4 seconds rather than at two seconds. In Tarnopolski (2015a) he analyzed the Fermi BAT duration data of 1566 GRBs. Although he found a third component in the distribution, the significance was not convincing. This may be due to methodology: he tested binned data with a χ 2 fit rather than using a maximum likehood method with unbinned data. Tarnopolski also suggested that the log-normal fit may not be an adequate model for the duration distribution, which is an interesting suggestion because previous investigators have assumed that the underlying distribution is lognormal.
In this manuscript we have analyzed 801 Fermi GRBs observed by GBM using sixteen classification variables: two durations (T90 and T50), three Compton spectral parameters (amplitude, peak energy, and spectral index) for both fluence and peak flux fits, two fluences, and six peak fluxes. We find that content overlap in these variables can be reduced to a three-variable problem. These three main components are essentially the spectral (Comp) index, an amalgam of the peak fluxes, and a combination of fluences and durations (see Table 6 ). These variables can be used to identify three clusters (classes) of GRBs. As Table 10 and Figure 13 show, Class 3 (34 bursts) has short durations while the other two have long durations; Class 2 (340 bursts) is slightly shorter than Class 1 (427 bursts). Class 2 is, however, brighter as measured by fluence than Class 1, which is in turn brighter than Class 3. The peak fluxes of Class 2 and 3 are generally similar, and both of these are brighter than the peak fluxes of Class 1. There are no clear spectral differences between Class 1 and Class 2 bursts, although the Compton indices and peak energies of Class 3 are larger than those of the other two classes.
These three GRB classes are partially but not entirely recognizable when compared to those obtained from previous analyses. Class 3 strongly resembles the Short class found in the 2-and 3-class cluster analyses of other GRB experiments. Like Short bursts, Class 3 GRBs are are less common, shorter, spectrally harder, and fainter than other burst classes. Classes 1 and 2 are not recognizable as the Intermediate and Long burst classes found in other 3-class cluster analyses. Classes 1 and 2 are both equally common and of similar spectral hardness. Class 2 is shorter yet brighter than Class 1. In contrast, Intermediate bursts are less common, shorter, spectrally softer, and fainter than Long GRBs.
We have identified several reasons why our analysis might not have delineated the Intermediate GRB class from the Long one. First, as indicated earlier in this section, the Intermediate class is not as well defined as the Long class in BATSE, Swift, and Beppo-SAX data; this may make it harder to find in the data collected by a different experiment. Second, Fermi GBM's smaller surface area makes it less sensitive to detecting faint GRBs, such as those belonging to the Intermediate class (de Ugarte Postigo et al. 2011) : the relatively small number of faint but clearly identified Short GRBs observed by Fermi GBM supports this statement. Third, and most important, the spectral information presented in the Fermi GBM catalog is in a form that requires more interpretation than the hardness ratios extracted from the data of other experiments.
Spectral fit parameters are published in the Fermi GBM catalog rather than simpler traditional data products such as hardness ratios. This is because burst spectral fitting is a complex process, and the Fermi GBM science team has chosen to publish the spectral fits so that burst intensity, localization, and spectral information have been correctly deconvolved from the detector response. This approach serves the uninitiated user, while also taking advantage of Fermi GBM's ability to time-and energy-tag every photon. In contrast, other GRB experiments generally publish bulk spectral characteristics in the form of hardness ratios, which are simpler but not as intuitive or as potentially useful for theoretical modeling. Although the Fermi GBM approach has many advantages, it is disadvantageous when classifying GRBs because spectral fitting requires photons to be binned in many (16) rather than few (4) energy channels, and there are generally too few photons in a Fermi GBM burst for the spectrum to be fitted accurately. Since the underlying physical GRB spectral model is not known, approximations are obtained in the form of the four 'standard' spectral models. None of these models is accepted as representing the underlying burst physics, but each works well for burst spectra having certain characteristics at the cost of being less optimum for other types of spectra. For example, the Band and SBPL models provide better spectral fits when a significant amount of high energy flux is present, whereas the PL and Compton models provide better fits when high energy flux is lacking (Goldstein et al. 2012; Gruber et al. 2014) .
The choice of a 'best' spectral model differs from burst to burst, depending on factors such as the true energy distribution of photons, the burst brightness, the burst redshift, and the detector response. Furthermore, GRB spectra evolve, and the time interval during which an evolving spectrum has been observed can impact the choice of which spectral model is optimal for fitting a burst: rapidly evolving GRB spectra are usually spectrally harder near the time of the peak flux, which explains why peak flux spectra might differ from fluence spectra. It is entirely likely and natural to think that a GRB's optimal spectral model might change throughout its prompt emission.
However, in order to reduce measurement uncertainties in the difficult-to-measure spectral variables, we have limited our classification database to those GRBs for which the Compton model provides the 'best' spectral fits from both peak fluxes and fluences. In doing so we have likely biased our sample to bursts having few spectral differences that might not be representative of the larger distribution. Without having wide-ranging and well-defined burst spectral data, it is easy to see how our analysis might have had trouble clearly delineating the Intermediate class from the Long one, even as it finds evidence supportive of three GRB classes.
Summary and conclusion
We classify GRBs using cluster analysis and the attributes of the published Fermi GBM burst catalog. After initially selecting thirty-six potential classification variables along with 2016 prospective bursts, we show that measurement uncertainties limit our classification sample to 810 GRBs and only sixteen classification variables. Principal Component Analysis reduces the number of non-overlapping classification variables to three, constructed primarily of peak fluxes, a spectral index, and fluences coupled with durations.
Cluster analysis identifies three optimal GRB classes. The first appears to be the well-known Short GRB class, while the other two are types of Long classes. The peak flux distributions of these two Long classes differ, while their hardness distributions do not (duration and fluence distributions are slightly different). Neither one of these classes appears to be the previously-identified Intermediate class. We attribute this discordant result to weakly-delineated Intermediate class characteristics obtained from data in other GRB catalogs, coupled with the Fermi GBM catalog's use of various modeldependent spectral fitting parameters as opposed to standard hardness ratios.
We are currently pursuing a more detailed analysis involving the various spectral models and associated fitting parameters and their effects on GRB classification. We hope to determine (1) whether or not systematic differences in the published GRB spectral fitting parameters can be overcome to yield understandable classification results, and (2) the extent to which the Intermediate class is present in the Fermi GBM catalog.
